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A B S T R A C T
Background: Air pollution is a leading cause of mortality and morbidity worldwide. Short-term exposure (from
one hour to days) to selected air pollutants has been associated with human mortality. This systematic review
was conducted to analyse the evidence on the effects of short-term exposure to particulate matter with aero-
dynamic diameters less or equal than 10 and 2.5 µm (PM10, PM2.5), nitrogen dioxide (NO2), and ozone (O3), on
all-cause mortality, and PM10 and PM2.5 on cardiovascular, respiratory, and cerebrovascular mortality.
Methods: We included studies on human populations exposed to outdoor air pollution from any source, ex-
cluding occupational exposures. Relative risks (RRs) per 10 µg/m3 increase in air pollutants concentrations were
used as the effect estimates. Heterogeneity between studies was assessed using 80% prediction intervals. Risk of
bias (RoB) in individual studies was analysed using a new domain-based assessment tool, developed by a
working group convened by the World Health Organization and designed specifically to evaluate RoB within
eligible air pollution studies included in systematic reviews. We conducted subgroup and sensitivity analyses by
age, sex, continent, study design, single or multicity studies, time lag, and RoB. The certainty of evidence was
assessed for each exposure-outcome combination. The protocol for this review was registered with PROSPERO
(CRD42018087749).
Results: We included 196 articles in quantitative analysis. All combinations of pollutants and all-cause and
cause-specific mortality were positively associated in the main analysis, and in a wide range of sensitivity
analyses. The only exception was NO2, but when considering a 1-hour maximum exposure. We found positive
associations between pollutants and all-cause mortality for PM10 (RR: 1.0041; 95% CI: 1.0034–1.0049), PM2.5
(RR: 1.0065; 95% CI: 1.0044–1.0086), NO2 (24-hour average) (RR: 1.0072; 95% CI: 1.0059–1.0085), and O3
(RR: 1.0043; 95% CI: 1.0034–1.0052). PM10 and PM2.5 were also positively associated with cardiovascular,
respiratory, and cerebrovascular mortality. We found some degree of heterogeneity between studies in three
exposure-outcome combinations, and this heterogeneity could not be explained after subgroup analysis. RoB was
low or moderate in the majority of articles. The certainty of evidence was judged as high in 10 out of 11
combinations, and moderate in one combination.
Conclusions: This study found evidence of a positive association between short-term exposure to PM10, PM2.5,
NO2, and O3 and all-cause mortality, and between PM10 and PM2.5 and cardiovascular, respiratory and cere-
brovascular mortality. These results were robust through several sensitivity analyses. In general, the level of
evidence was high, meaning that we can be confident in the associations found in this study.
1. Introduction
A high proportion of ambient air pollution is generated from
combustion processes (Goldberg et al., 2003). Particularly for the most
studied and widespread air pollutants, i.e. particles with aerodynamic
diameters under 10 and 2.5 µm (PM10 and PM2.5), ozone (O3), sulphur
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dioxide (SO2), nitrogen dioxide (NO2), and carbon monoxide (CO), air
quality standards including safe thresholds have been established (Suh
et al., 2000).
Air pollution has a widely recognized impact on human health, and
there is a broad body of evidence that relates the exposure to air pol-
lution and a wide range of adverse effects (WHO Regional Office for
Europe, 2013). Short- and long-term exposure to ambient air pollution
contributes to disease burden through an increase in mortality risk,
years of life lost, and years lived with disability (Ostro et al., 2018).
According to the Global Burden of Disease (GBD) study estimates,
around 4.2 million total deaths were directly attributable to particulate
matter smaller than 2.5 µm (PM2.5) ambient air pollution in 2015
(Cohen et al., 2017). Evidence of the effects of the short-term exposure
(from one hour to days) to air pollutants are conclusive for all-cause,
respiratory, and cardiovascular mortality, and also for hospital admis-
sions or emergency department visits (WHO|Air quality guidelines -
global update 2005,” 2018). A number of recent systematic reviews and
meta-analyses have demonstrated the effect of PM (Atkinson et al.,
2015, 2014; Bell et al., 2013; Shah et al., 2015), NO2, NOx (Newell
et al., 2018; Shah et al., 2013), and O3 (Bell et al., 2014) on all-cause
and cause-specific mortality. In general, time-series studies have been
useful to provide substantial information to derive ambient air quality
guidelines and standards for acute exposure (Goldberg et al., 2003). In
fact, this evidence is in consonance with the air quality guidelines
(AQGs) published by the World Health Organization (WHO), a primary
reference for air pollution standards worldwide (Landrigan et al.,
2018). These are useful documents accessible to health professionals
and decision makers, which provide recommendations for key air pol-
lutants, based on global synthesis of scientific evidence. However, nu-
merous recent studies have been published that analyse associations
between pollutants and outcomes in the short-term, and the exact shape
of the concentration–response functions (CRFs) is unknown or in-
sufficiently defined for many pollutants and outcomes (Landrigan et al.,
2018).
As new scientific evidence is generated, AQGs need to be periodi-
cally revised and, where necessary, updated. As a result of the vast
amount of evidence published in recent years, especially on the lower
and upper bounds of the air pollution exposure distribution, WHO has
convened a Guideline Development Group to revise the last version of
the guidelines published in 2006.
Our systematic review was commissioned by the WHO in order to
generate evidence to support the new update of the AQGs, with the aim
of providing updated evidence-based numerical concentration levels
(i.e. guidelines) and, where possible, an indication of the shape of the
CRFs for a number of ambient air pollutants, for relevant averaging
times (i.e. long- and short-term exposure duration) and in relation to
critical health outcomes. In particular, the objective of this systematic
review and meta-analysis was to synthetize the worldwide evidence on
the effects of short-term exposure to PM (PM2.5 and PM10), NO2, and
O3, on all-cause and/or cause-specific mortality, including cardiovas-
cular, respiratory, and cerebrovascular mortality. We aimed to fill the
gap in the knowledge in this field, as previous studies were focused on
specific air pollutants or outcomes, publication dates varied, or searches
were more restricted. Based on previous evidence, the exposure-out-
come combinations that were analysed included PM, NO2, and O3 – all-
cause mortality, and PM – cardiovascular, respiratory and cere-
brovascular mortality. SO2 was not included in this study, as this pol-
lutant was specifically addressed in a different systematic review. This
systematic review was guided by the requirements outlined in the WHO
Handbook for Guideline Development, 2nd edition (WHO Handbook
for Guideline Development – 2nd Edition, 2014).
2. Methods
2.1. Protocol, registration, and reporting standards
The protocol for this study was registered with PROSPERO (http://
www.crd.york.ac.uk/PROSPERO/) under registration number
CRD42018087749, before the formal screening of search results
(Supplementary File S.1). The reporting complied with the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA)
standards (Moher et al., 2009), with slight adaptations, since these were
originally intended for health care intervention evaluation. The
PRISMA checklist for this study can be seen in Table A.1 (Appendix).
2.2. Research question
A summary of the Population, Exposure, Comparator, and Outcomes
(PECO) question (Morgan et al., 2018) is presented below:
P: Among human population, what is the effect of
E: Short-term exposure to ambient air pollutants (PM10, PM2.5, NO2,
O3) versus
C: Exposure to lower levels of air pollution (difference of 10 µg/m3)
on
O: All-cause, cardiovascular, respiratory, and cerebrovascular mor-
tality.
2.3. Eligibility criteria
Our study population consisted of general human population, in-
cluding subgroups at risk, i.e. children, pregnant women, the elderly,
and patients with particular conditions, of all ages, developed and de-
veloping areas, both urban and rural settings. We have not imposed
geographical restrictions.
We considered only short-term exposures, defined in the order of
one hour to 7 days (Shah et al., 2013), to ambient air PM10, PM2.5, NO2,
and O3, from any source, expressed in a concentration unit (e.g. µg/m3,
ppb). Articles evaluating NOx were also included in the calculations,
using a factor of 0.44 for the conversion from NOx to NO2 (Anderson
et al., 2013). The exposure to the pollutant of interest had to be via
inhalation through outdoor ambient air predominantly. For PM10 and
PM2.5, daily (24-hour) averages were considered, while 8-hour or 24-
hour maximum concentrations were included together for O3. In the
case of NO2, two separate analyses were performed, one for 24-hour
average, and one for daily 1-hour maximum. The comparison was with
the same population exposed to a lower level of air pollutants, con-
sidering a given difference in a standardized concentration (10 µg/m3).
The outcomes were classified using the International Statistical
Classification of Diseases and Related Health Problems (ICD), and en-
compassed all-cause natural mortality (ICD-10: A00 to R99), cause-
specific mortality including cardio (ICD-10: I01 to I59) and cere-
brovascular (ICD-10: I60 to I69), and respiratory mortality (ICD-10: J00
to J99) (WHO|International Classification of Diseases (ICD)
Information Sheet,” n.d.). We defined an exposure-outcome combina-
tion as a pair comprising one of the pollutants selected, and one of the
outcomes. Based on previous evidence, the exposure-outcome combi-
nations that were analysed included PM, NO2, and O3 – all-cause
mortality, and PM – cardiovascular, respiratory, and cerebrovascular
mortality.
As for study designs, we included human epidemiological studies,
i.e. ecological time-series (ETS), case-crossover (CCO), cohort, and
panel studies; systematic reviews of the above studies were used to scan
for references. A glossary of definitions used in this study can be seen in
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Table A.2 (Appendix). Studies were excluded if they evaluated the ex-
posure in occupational settings, or as a result of indoor exposure ex-
clusively; qualitative studies, reviews, methodological papers, and non-
human studies (i.e. in vivo, in vitro), were also excluded. These ex-
clusions were made at the title-abstract screening stage. Other reasons
for exclusions were in the case of studies with partial or complete
geographical and temporal overlap verified during meta-analysis, in
order to avoid double-counting participants (Shah et al., 2015). In case
of total or partial overlapping data, the article for inclusion was selected
according to the following criteria: 1) wider geographical distribution;
2) longer duration of the study period; 3) more recent publishing date.
When multiple reports of the same study were detected, all articles were
included in a first stage, and previously mentioned criteria were used to
prevent double-counting. After the selection of the more informative
article, the rest of the articles were excluded from the analysis. Re-
garding lag times, when multiple lag-estimates were reported in papers,
the framework proposed by Atkinson et al. (Atkinson et al., 2014) was
followed: if only one lag estimate for a given pollutant/outcome pair is
reported, it was included in the analysis. If multiple lag-estimates were
reported, the selection algorithm was: 1) the most frequently used lag in
all selected studies (0 and 1 days in this systematic review); 2) single
lags, but not cumulative/distributed lags.
2.4. Studies search and selection
Studies were searched comprehensively in the following biblio-
graphic databases and citation indexes: Medical Literature Analysis and
Retrieval System Online (MEDLINE) via PubMed, and Scopus via
Elsevier. Moreover, regional databases in English and other languages
as Literatura Latinoamericana y del Caribe en Ciencias de la Salud
(LILACS), Western Pacific Region Index Medicus (WPRIM), Index
Medicus for South-East Asia Region (IMSEAR), Index Medicus for the
Eastern Mediterranean Region (IMEMR), and African Index Medicus
(AIM) were searched to retrieve additional articles and grey literature.
WHO Regional Databases are open access resources that comprises
journal indexes of locally produced information, especially some de-
veloping country health journals and other reports, and complement
the internationally known bibliographic databases. References of
identified relevant articles were scanned to identify additional reports
matching the research question.
Data search included studies from January 1990 up to November
2017. We performed an update of the data search in September 2018, in
order to incorporate relevant studies that might have been published
shortly before the finalization of the review.
We developed a literature search strategy for each database, using
free text and medical subject headings (MeSH) terms, and considering
all the eligibility criteria. An example of the search strategy applied to
PubMed can be seen in Table A.3 (Appendix). In addition, a manual
search in reference lists from other systematic reviews was performed
to find additional relevant studies. The strategy was developed by PO,
with input from the systematic review team, and reviewed by JR and
NQ.
PO and JR independently screened titles and abstracts, and poten-
tially eligible studies were assessed again by the same reviewers based
on the full-text, to ensure that those met all the eligibility criteria. Any
disagreement on inclusion was resolved by discussion and, if no con-
sensus was reached, a third reviewer (NQ) was consulted. Reasons for
excluding articles at this stage were recorded, and registered in an
electronic extraction form developed in Microsoft Excel®. When the
same study population was used in several publications, only the largest
and the most complete study (i.e. multicity studies, or studies with
wider temporal or geographical coverage) was included. In all cases,
multicity studies were preferred over single-city studies. When full-texts
were not available, the original authors were contacted via email, using
the author information section. If no response from the author was
received, the article was excluded from the analysis.
2.5. Data extraction and process
Data from selected studies was extracted by one reviewer and
checked by a second. The data was then transferred to electronic ex-
traction forms developed in Microsoft Excel®. The bibliography was
managed using the software Zotero (Ahmed and Al Dhubaib, 2011).
Extracted data included study details, exposures, outcomes, and data
analysis. Association measures were relative risks (RRs), odds ratios
(ORs), and percentage excess (increment) or change in mortality (Perc-
Incr). The data on pollutants concentrations included the mean or
median, standard deviation (SD), range, interquartile range (IQR), and
percentiles. Due to the relevance of the 5th percentile as a proxy for the
lowest level of exposure in a given study, these values were registered,
when available. If a given study did not report the 5th percentile, but
the SD or the 10th percentile were available, we estimated the 5th
percentile using a normal approximation. If only the range was avail-
able, we estimated the SD as the range divided by four (Hozo et al.,
2005).
All included articles contributed with at least one effect size (i.e.
RR) to each exposure-outcome combinations for the main or the sub-
group analyses. In some cases, one article contributed with two or more
effect sizes to the same combination; for example, one study might have
reported independent results from different cities, or from rural and
urban settings. In these situations, the number of effect sizes could have
been higher than the number of articles, for a given exposure-outcome
combination. Moreover, one article might have contributed with evi-
dence for two or more exposure-outcome combinations. These defini-
tions can be seen in Table A.2 (Appendix).
2.6. Risk of bias
The risk of bias (RoB) assessment of included studies was conducted
using a new domain-based RoB assessment tool, developed by a group
of experts convened by the WHO. A detailed description of this tool can
be seen in the WHO website (Risk of bias assessment instrument for
systematic reviews informing WHO global air quality guidelines, 2020).
The instrument allows rating sections according to 13 items grouped in
six domains: confounding, selection bias, exposure assessment, outcome
measurement, missing data, and selective reporting (Morgan et al.,
2019). Each item can be judged as having low, moderate, or high RoB.
For the item of potential confounders that were accounted for in the
analysis, four critical confounders (temperature, seasonality, day-of-
the-week, long-term trends) and two additional confounders (holidays,
influenza epidemics) were considered. If all these confounders were
included, the item was classified as having low RoB; if one or two of the
additional confounders were not included, but the four critical con-
founders were incorporated, the item was classified as having moderate
RoB; otherwise, a high RoB rating was assigned. Touloumi and collea-
gues have demonstrated that for cardiovascular diseases, the estimates
of models that fail in the inclusion of influenza epidemics as a con-
founder are consistent with models that include this factor, and thus we
considered this potential confounder as not critical, i.e. the absence of
that confounder led to moderate RoB (Touloumi et al., 2005). The re-
sults for each domain were analysed separately, without considering a
single result for the whole article/dataset. If only one item of the same
domain was judged as having high RoB, the entire domain was classi-
fied as having high RoB. The same logic was applied to moderate vs.
low RoB. In the same article, judgments regarding the RoB were as-
sessed separately for each exposure-outcome combination. The assess-
ment of RoB across studies was performed as one of the sensitivity
analyses, as will be detailed later.
2.7. Data synthesis and analysis
We used RRs as the common association measure in pooled ana-
lyses. Meta-analyses input data were RRs for a standardized increment
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in pollutant concentration (10 µg/m3), assuming a linear exposure-
outcome relationship (Shah et al., 2013), and taking into account the
original increment of the pollutant, as for the following equation:
=RR e
standardized
RR original Increment original
( )
Ln( ( ))x10/ ( )
The effects expressed as interquartile (or quintile, or percentile
differences) were converted into effects per concentration unit increase
with the previous equation. When ORs were reported in a study, they
were supposed to approach the RRs, under the “rare disease assump-
tion” (Greenland and Thomas, 1982; Knol et al., 2008; Pace and
Multani, 2018), given the fact that a cumulative incidence of the out-
come lower than 10% was demonstrated or assumed in all articles for
all-cause and cause-specific mortality. Effects expressed as Perc-Incr
were also recalculated to reflect a RR for a concentration unit increase
in the pollutant, assuming a linear relationship, according to the fol-
lowing equation:
RR = + 1Perc Incr100For the summary measure (pooled RRs), a random-effects (RE)
model was employed, assuming that the included studies were a
random selection of all possible results. The DerSimonian-Laird esti-
mator was used for the pooled RRs (DerSimonian and Laird, 1986), a
straightforward method that allows the incorporation of heterogeneity
in the analysis. When the pooled effect size was calculated from 20 or
less effect sizes, the Hartung and Knapp adjustment was employed
(Hartung and Knapp, 2001).
Heterogeneity between studies was assessed using 80% prediction
intervals (PI), this parameter used to estimate the 80% interval in which
the true RR in a new air pollution study will lie (Chiolero et al., 2012).
We have chosen not to measure heterogeneity using the I2 parameter,
because this statistic is a relative measure, and it is difficult to make a
judgement about the absolute amount of heterogeneity. Further, the
main problem with the I2 parameter is that it can be artificially inflated
when increasing the sample size (number of included studies), or when
increasing the precision of the estimates from primary studies (Rücker
et al., 2008). On the contrary, the use of the PI has been strongly ad-
vocated in the literature (Borenstein, 2019; Borenstein et al., 2011), as
it provides an estimate of the distribution of the true effect sizes. This
parameter shows whether the effect is consistent, or if it varies sub-
stantially; it also shows if the effect is harmful in all populations, or if
there is no effect in some populations. The rule was that when the PI
included the null effect (IntHout et al., 2016), some degree of hetero-
geneity was suspected. In this situation, an attempt was made to explain
the source of heterogeneity by subgroup analyses, using readily avail-
able study information (age group, sex, and geographical area). Sub-
groups were statistically compared using the χ2 test. Chosen subgroups
were assumed to explain the heterogeneity if statistical differences were
found between subgroup effect sizes. Severe heterogeneity was assumed
when PI included the null effect, and at the same time this 80% PI was
larger than the 95% CI by a factor of two.
Sensitivity analysis was carried out in order to assess the extent to
which model assumptions could have influenced the association mea-
sures. This assessment included six analyses, i.e. the inclusion of effect
sizes that considered only lags of 0, 1 and 0–1 days, an analysis by
epidemiological study design (e.g. ETS, CCO), an analysis excluding
papers with declared conflicts of interest (CoI), an analysis comparing
articles showing high RoB in some of the 6 domains versus articles with
low or moderate RoB, and an analysis comparing multicity versus
single-city studies. This last analysis was not previously reported in the
protocol. The sixth sensitivity analysis was the evaluation of potential
unmeasured confounders through the calculation of the E-value
(VanderWeele and Ding, 2017). This type of sensitivity analysis con-
siders a potential unmeasured confounder, which is associated with the
exposure and with the disease. The E-value is the minimum strength of
association, measured as RR, that an unmeasured confounder would
need to have with both the exposure and the outcome, conditional on
the measured covariates, to fully explain away a specific ex-
posure–outcome association. It takes into account the association of the
unmeasured confounder with the exposure (RREU) and with the disease
(RRUD). We have chosen temperature as an example of unmeasured
confounder, and focused on the association between temperature and
mortality (RRU). We selected RRU values of temperature for each spe-
cific mortality cause from a systematic review on temperature and
mortality as reported in the review by Song and colleagues (Song et al.,
2017). In order to be conservatives, the higher values of different
central estimates reported in that paper were selected. Then a com-
parison was made between the RRU and the RRs calculated by means of
meta-analysis in this study (RRobserved), but considering a wider range of
pollutants increase (50 µg/m3). The E-value was then calculated using
the following equation:
= + ◊E value RR RR RR( 1)
observed observed observed
For each exposure-outcome combination, the rule was that when
the RRU was higher than the lower confidence limit of the E-value,
comparatively weaker confounder associations could explain away the
observed association, i.e. the presence of unmeasured confounders is
plausible.
The potential for publication bias was assessed through two
methods. First, the visual examination of funnel plots asymmetry
(Sterne et al., 2011). Second, a numerical evaluation of the potential for
publication bias was performed by means of the Egger’s regression test
(Egger et al., 1997).
The shape of the CRFs was analysed for each exposure-outcome
combination, to assess the suitability of linear assumptions regarding
the RRs calculations, and the possibility of thresholds occurrence. The
CRF can be displayed as a graph that shows the relationship between
levels of adverse health responses in exposed populations (vertical axis)
and levels of ambient concentrations of a pollutant (horizontal axis),
and is widely used to predict the public health impacts of proposed
reductions in air pollutants (Cox, 2017).
The interaction between pollutants was analysed by means of the
inclusion of co-pollutant models, considering only studies that ad-
dressed the effect of the main pollutant controlled by the inclusion of
one or more co-pollutants in the regression model.
All analyses and graphics were performed using the “meta” package
(version 4.9–2) (Schwarzer et al., 2015) in the statistical software R,
version 3.4.4 (https://www.r-project.org/) (Albert and Rizzo, 2012).
The script used for the analysis can be seen in Supplementary File S.2.
Only one example for each exposure-outcome combination analysis is
presented in the script, as the same structure can be replicated with
slight modifications to cover the rest of the combinations.
2.8. Certainty of evidence across studies
The certainty of evidence (CoE) for each exposure-outcome com-
bination was judged using an adaptation of the Grading of
Recommendations Assessment, Development and Evaluation (GRADE)
approach (Balshem et al., 2011; Guyatt et al., 2011; Morgan et al.,
2016), developed by a group of experts convened by the WHO. The
approach is briefly described here, and its full version can be seen in
Supplementary File S.3. The CoE was assessed across five domains:
limitations in studies, indirectness, inconsistency, imprecision, and
publication bias. In short, the procedure was as follows: an evidence
related to an exposure-outcome combination based on a number of
articles was initially judged as being of moderate CoE, and then was
potentially downgrading according to these five domains. The approach
implies that there is always a risk of unmeasured confounding in ob-
servational studies. Therefore, it starts at moderate certainty. After this
first analysis, three other domains were evaluated, allowing the possi-
bility of upgrading the CoE. These additional domains were the large
magnitude of the effect, the occurrence of all possible confounding
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factors shifting towards the null effect, and the evidence of a con-
centration–response gradient (equivalent to CRFs). After applying this
tool, the overall certainty was rated as: high, meaning that further re-
search is very unlikely to change the confidence in the estimate of the
effect; moderate, meaning that further research is likely to have an
important impact on the confidence in the estimate of the effect; low,
meaning that further research is very likely to have an important im-
pact on the confidence in the estimate of the effect; or very low,
meaning that the estimate of the effect is very uncertain. Some domains
of this tool were evaluated using results of the RoB, heterogeneity,
sensitivity, and publication bias analyses, which were previously de-
scribed in the methodology.
Limitations in studies: the level of evidence was downgraded if there
were statistical differences between studies showing high versus mod-
erate or low RoB in the sensitivity analysis. However, we also analysed
the number of studies and the impact they had in the meta-analysis. For
example, the presence of small studies with high RoB but limited in-
fluence on the meta-analysis was not a reason to downgrade. If the
sensitivity analysis for RoB showed a considerable influence on the
pooled effect-size, the conclusions were based on the high-quality stu-
dies only, and the evidence was not downgraded. This was a judgement
and there were no clear pre-set cut-off points.
Indirectness: the evidence was not downgraded based on this do-
main, as the research question in the included studies always reflected
the original question.
Inconsistency: the evidence was downgraded if severe heterogeneity
was detected, i.e. the PI included unity and was more than twice the
random effects meta-analysis confidence interval.
Imprecision: the evidence was downgraded if the number of mor-
tality cases used when calculating the pooled effect size was below
100,000. This number is lower than the value proposed in the adapted
GRADE approach (Supplementary File S.3), because that value was
computed for rate ratios in long-term studies. We have decided to use
our own cut-off point for short-term studies, using data from selected
multi-city studies (Chiusolo et al., 2011; Taneepanichskul et al., 2018;
Ueda et al., 2009), in which significant positive effect sizes were found
considering approximately 100,000 events (deaths) or less. The idea
behind this reasoning is that if the number of events is sufficient for a
given study to derive significant effect sizes, the same number will be
adequate for meta-analysis.
Publication bias: the evidence was downgraded if publication bias
was detected by visual inspection of the funnel plot or through the
Egger’s test. However, if analyses comparing multicity versus single-city
studies did not show statistical differences, publication bias was dis-
missed, and the evidence was not downgraded.
Large effect size: unmeasured confounders and the results of the E-
value were used, i.e. when the RRU between air temperature and
mortality was higher than the lower confidence limit of the E-value (the
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Fig. 1. Flowchart of assessment of eligible studies.
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presence of unmeasured confounders is plausible), the evidence was not
upgraded. Otherwise, the evidence was upgraded.
Confounding domain: the evidence was not upgraded using this do-
main, as several potential confounders could shift the RR in both di-
rections.
Concentration- response gradient domain: the evidence was upgraded
when estimations of CRFs were statistically significant, and thus a po-
sitive linear or nonlinear association can be assumed.
3. Results
3.1. Studies included
Database searches retrieved 2,412 studies, and 54 additional articles
that we identified through reference lists of selected systematic reviews
(Achilleos et al., 2017; Atkinson et al., 2014; Bell et al., 2014, 2013;
DeVries et al., 2017; Fajersztajn et al., 2017; Li et al., 2016; Lu et al.,
2015a; Mills et al., 2015; Newell et al., 2017; Shang et al., 2013; Wang
et al., 2014; Zhang et al., 2018). After removing duplicates, 1,632 re-
cords were screened by title and abstract, and 400 articles were selected
for full-text eligibility assessment. Finally, we included 196 articles in
quantitative analysis, showing at least one specific combination of ex-
posure, outcome, age-group and sex (Fig. 1). These 196 articles re-
presented 796 effect sizes. From the 54 additional articles found in
selected systematic reviews, only 15 were effectively incorporated in
this quantitative analysis, in general due to duplicate data or analysis,
to overlapping with more recent articles, or to differences in the se-
lected exposures or outcomes.
Extracted information from included articles can be seen in
Supplementary File S.4. These articles comprised a period of publica-
tion of 27 years, between 1992 and 2019. The mean duration of the
studies was 5.76 years (SD: 4.38, range: 1–31). The majority of studies
were carried out in Asia (73), Europe (69), and America (45). Other
continents were less represented, for example Oceania (5), or Africa (1),
while 3 studies comprised more than one continent. Among selected
articles, 62 reported results of multicenter collaborative studies, e.g.
APHEA, APHENA, EpiAir, EMECAM, ESCALA, MED-PARTICLES,
NMMAPS, PAPA. The most frequently used study designs were ETS
studies (1 4 3), followed by CCO (47) and cohort (6) studies. However,
the few studies evaluating a cohort of patients were, in all cases, ana-
lysed using common methods from ETS or CCO designs, i.e. generalized
additive models (GAMs) and conditional logistic regression (CLR).
There were no studies self-defined as panel studies. Almost all studies
considered mortality in general populations (1 8 9); conversely, 7 stu-
dies estimated the influence of air pollution on mortality in specific
populations, i.e. persons with cardiovascular diseases, congestive heart
failure, hypertension, chronic obstructive pulmonary disease (COPD),
or asthma. Some studies reported more than one effect size per ex-
posure-outcome combination, for the same sex and age groups. In these
cases, different effect sizes represented separate areas (e.g. rural vs.
urban settings), cities, or countries, and were taken as independent
samples in the meta-analysis.
Regarding individual characteristics of cases considered in the ex-
posure-outcome combinations, 550 effect sizes were retrieved for all-
ages or adults, 207 for elderly people, and 38 for children or newborns.
Only 183 effect sizes were sex-specific, while 612 effect sizes con-
sidered both sexes. All combinations of selected pollutants and out-
comes were well represented, with 7 or more effect sizes (range: 7–66
effect sizes). Conversely, in the full-text selection stage, 204 articles
were excluded due to different reasons, i.e. total or partial geographical
or temporal data overlap (1 1 2), full-text articles not found (25), du-
plicate data or analysis (15), differences in the applied methodology
(e.g. multiple Pearson correlation, principal component analysis, in-
strumental variable models) (13), pollutants or exposures other than
selected (11), lack of data on pollutant’s increase (6), a different asso-
ciation measure or analytic model (5), lack of reporting on error terms
(5), long-term exposure only (4), incomplete data (4), not a paper or
scientific publication (2), and only protocol presented (2)
(Supplementary File S.5). Regarding exclusions due to overlapping, in
all cases multicity studies were replaced by other multicity studies with
wider geographical or temporal coverage (See Supplementary File S.6
for details on replacements due to overlap between multicity studies).
The mean/median concentration of pollutants ranged from 14.0 to
245.0 µg/m3 (PM10), from 5.7 to 176.7 µg/m3 (PM2.5), from 18.4 to
99.2 µg/m3 (NO2 24-hour average), from 40.0 to 161.2 µg/m3 (NO2 1-
hour max.), and from 15.2 to 206.0 µg/m3 (O3). Fifth (5th) percentiles
reported in the articles or estimated in this study ranged from 0.0 to
221.0 µg/m3 (PM10), from 0.0 to 26.15 µg/m3 (PM2.5), from 0.0 to
63.8 µg/m3 (NO2 24-hour average), from 0.0 to 65.8 µg/m3 (NO2 1-
hour max.), and from 0.0 to 93.1 µg/m3 (O3). All these data regarding
included studies can be seen in Supplementary File S.4.
3.2. Risk of bias
In three out of 6 domains, the RoB was found to be only low or
moderate. These domains were selection bias, exposure assessment, and
selective responding. For example, in the selective responding domain,
21% (77) of the exposure-outcome combinations (31 articles) were
classified as moderate RoB because they reported a subset or re-analysis
of data that was already published in a previous article, or because
reported results are preliminary analyses (in both cases, regardless of
being non-overlapping data). In the other three domains, a variable
proportion of articles were found to have high RoB. The domain with a
higher proportion of high RoB was missing data (59% of exposure-
outcome combinations presenting high RoB), while confounding and
outcome measurement showed low proportions of high RoB (7% and
2% of exposure-outcome combinations with high RoB, respectively).
The reasons for the high RoB in the missing data domain were related to
the lack of information on the number of missing values in the ex-
posure, or to the absence of information regarding imputation methods.
The same judgment was applied when the number of missing data was
higher than 5%. A summary of the results of the RoB analysis can be
seen in Fig. 2. The description of the RoB analysis per item and domain
in individual studies, together with the rationale to justify each judg-
ment, are presented in Supplementary File S.7.
3.3. Meta-analysis
The detailed results regarding pooled effect sizes (RRs) for a 10 µg/
m3 increase in pollutants, p-values, heterogeneity, and funnel plot
asymmetry can be seen in Table 1. We found positive associations be-
tween pollutants and all-cause mortality for PM10 (RR: 1.0041; 95% CI:
1.0034–1.0049), PM2.5 (RR: 1.0065; 95% CI: 1.0044–1.0086), NO2 (24-
hour average) (RR: 1.0072; 95% CI: 1.0059–1.0085), and O3 (RR:
1.0043; 95% CI: 1.0034–1.0052). On the contrary, the association was
non-significant for NO2 (1-hour max.) (RR: 1.0024; 95% CI:
0.9995–1.0053). PM10 and PM2.5 were also positively associated with
cardiovascular, respiratory, and cerebrovascular mortality (Table 1).
The forest plots for these analyses are shown in Figs. A.1 to A.11 (Ap-
pendix).
In the majority of the exposure-outcome combinations, the 80% PIs
excluded the null effect; this means that the heterogeneity between
studies was not substantial. All these values can be seen in Table 1.
Conversely, in the associations between PM2.5 and respiratory or cere-
brovascular mortality, and between NO2 (1-hour max.) and all-cause
mortality, the 80% PIs included the null effect. This suggests hetero-
geneity to some extent, sufficient to find some populations in which the
effects of these pollutants on the outcome could be null. The three ex-
posure-outcome combinations that displayed some degree of hetero-
geneity between studies in the main analysis did not show statistical
differences between subgroups in the subgroup analysis by age, sex, and
continent. In this sense, heterogeneity could not be explained by means
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of differences in subpopulations, at least in the subgroups that were
considered in this review. The results of these subgroup analyses can be
seen in Table A.4 (Appendix).
The visual inspection of funnel plots gave, in the majority of cases,
subtle to pronounced indication of asymmetry for PM10, with the ex-
ception of the combination PM10 - respiratory mortality. In the case of
PM2.5, the asymmetry in the funnel plot was only evident for all-cause
mortality. We also found evidence of asymmetric funnel plots for O3
and NO2 (24-hour average). All these results were confirmed by the
Egger’s test (Table 1), when this test could be performed (exposure-
outcome combinations with 10 or more effect sizes). Funnel plots for
exposure-outcome combinations with 10 or more effect sizes can be
seen in Fig. 3.
The sensitivity analysis by lag showed positive associations in the
same exposure-outcome combinations as in the main analysis, with two
exceptions, i.e. PM2.5 and cerebrovascular mortality, and NO2 (1-hour
max.) and all-cause mortality (Table A.5 of the Appendix). The same
occurred with the analysis by study design for ETS (Table A.6 of the
Appendix), but not for CCO (Table A.7 of the Appendix), probably due
to the small number of studies. This design also showed in general
higher values of heterogeneity. When considering only multicity stu-
dies, the associations were positive in the same exposure-outcome
combinations as in the main analysis, with the exception of two (PM10
and PM2.5 with cerebrovascular mortality), probably due to the small
number of effect sizes (Table A.8 of the Appendix). NO2 (1-hour max.)
was not analysed because the number of studies was too small.
Differences between multicity and single-city studies were observed in
only one exposure-outcome combination (PM10 – respiratory mor-
tality). In the analysis using only studies with low or moderate RoB, the
results were similar to the main analysis (Table A.9 of the Appendix).
Still, statistical differences between studies with low/moderate versus
high RoB were found in the combinations PM2.5 – all-cause mortality,
PM2.5 – cerebrovascular mortality, and NO2 (24-hour average) – all-
cause mortality. The analysis by declared CoI was not performed, as
only one of the included papers declared potential conflicts.
E-values with 95% CIs and RRUs can be seen in (Table A.10 of the
Fig. 2. Summary of the RoB assessment.
Table 1
Exposures, outcomes and pooled effect sizes.
Pollutant Outcome Number of effect sizes RR
(95% CI)
p-value PI Egger's test
(p-value)
PM10 All-cause mortality 66 1.0041
(1.0034–1.0049)
<0.0001 1.0013–1.0070 <0.001
PM10 Cardiovascular mortality 44 1.0060
(1.0044–1.0077)
<0.0001 1.0016–1.0105 0.024
PM10 Respiratory mortality 41 1.0091
(1.0063–1.0119)
<0.0001 1.0017–1.0166 0.209
PM10 Cerebrovascular mortality 20 1.0044
(1.0022–1.0066)
0.0005 1.0001–1.0087 <0.001
PM2.5 All-cause mortality 29 1.0065
(1.0044–1.0086)
<0.0001 1.0017–1.0114 0.015
PM2.5 Cardiovascular mortality 28 1.0092
(1.0061–1.0123)
<0.0001 1.0026–1.0158 0.803
PM2.5 Respiratory mortality 20 1.0073
(1.0029–1.0116)
0.0023 0.9998–1.0148 0.606
PM2.5 Cerebrovascular mortality 7 1.0072
(1.0012–1.0132)
0.0257 0.9953–1.0192 N/A
NO2 (24-hour average) All-cause mortality 54 1.0072
(1.0059–1.0085)
<0.0001 1.0031–1.0113 0.048
NO2 (1-hour max.) All-cause mortality 10 1.0024
(0.9995–1.0053)
0.0892 0.9985–1.0064 0.154
O3 All-cause mortality 48 1.0043
(1.0034–1.0052)
<0.0001 1.0013–1.0073 0.001
RR, pooled relative risks; 95% CI, 95% confidence interval; p-value, significance of the association or statistical tests; PI, 80% prediction interval; N/A, not applicable
(< 10 studies).
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Appendix). In all exposure-outcome combinations except two, the RRUs
were below the lower limit of the E-value, meaning that unmeasured
confounders are not supposed to have a major influence on the asso-
ciation. The exceptions were the combinations PM2.5 – respiratory
mortality and NO2 (1-hour) – all-cause mortality, which showed the
RRU above the lower limit of the E-value, and thus the presence of
unmeasured confounders that explain away the exposure-outcome as-
sociations cannot be ruled out.
Fig. 3. Funnel plots to explore publication bias for each exposure-outcome combination. (a) PM10 – all-cause mortality; (b) PM10 – cardiovascular mortality; (c) PM10
– respiratory mortality; (d) PM10 – cerebrovascular mortality; (e) PM2.5 – all-cause mortality; (f) PM2.5 – cardiovascular mortality; (g) PM2.5 – respiratory mortality;
(h) NO2 (24-hour average) – all-cause mortality; (i) NO2 (1-hour max.) – all-cause mortality; (j) O3 – all-cause mortality.
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3.4. Concentration-response functions
In all papers, the description regarding concentrations only included
full-period averages, ranges and dispersion of the pollutants, but not
daily values. Accordingly, only a description regarding the shape of the
concentration–response curves and potential thresholds in a daily basis
was carried out, in those papers in which this analysis was performed.
The linearity assumptions were investigated in 40 of the included ar-
ticles, in general by means of semi-parametric regressions (GAMs). The
existence of non-linear behaviour and potential thresholds were mainly
analysed through visual inspection of the graphics produced by the
GAMs, and occasionally through statistical tests (e.g. using the Akaike
Information Criterion). The papers analysing the CRFs are mentioned in
Supplementary File S.4, where a specific column was added to show in
which articles evidence of deviation from linearity was found. The in-
dividual studies that analysed the CRF in specific cities reported, in
general, linear associations between daily (24-hour) mean PM10 and all-
cause and cause-specific mortality (18 out of 21 articles that analysed
linearity assumptions), and no threshold was detected. The exceptions
were three papers that showed some non-linearity for all-cause, cardi-
ovascular, respiratory, and cerebrovascular mortality (Chen et al.,
2008; Dong et al., 2018; Li et al., 2013), with no references to potential
thresholds. In the same line, the CRF between daily (24-hour) mean
PM2.5 and all-cause and cause-specific mortality was analysed in 11
articles, all of them showing indication of a linear behaviour, and with
no indication of potential thresholds. The behaviour of the NO2 (24-
hour average) CRF was analysed in 16 papers, among which 13 did not
show evidence of deviations from linearity. In three papers, the curve
was found to be non-linear (Guo et al., 2017), especially at higher
concentrations (Lu et al., 2015b), with a potential threshold at 37.6 µg/
m3 in the daily concentration of this pollutant (Moolgavkar et al.,
2013). There were no papers dealing with CRFs for NO2 (1-hour max.).
As for O3 (8-hour or 24-hour max.), the CRF was analysed in 11 articles,
showing evidence of non-linear behaviour in 5 of them (Collart et al.,
2018; Maji et al., 2017; Pascal et al., 2012; Qian et al., 2007; Williams
et al., 2014). Non-linear models with thresholds at 100 µg/m3 (Pascal
et al., 2012) and at 60 to 80 µg/m3 (Collart et al., 2018) were hy-
pothesized, as well as linear models with thresholds at 65 µg/m3 (in
urban settings) (Atkinson et al., 2012) and 85 µg/m3 (Collart et al.,
2018).
3.5. Co-pollutant models
In general, two-pollutant models showed non-significant associa-
tions for PM10, PM2.5, and O3 and mortality, when adjusting for a
second air pollutant. This fact could be related to the low number of
studies analysing co-pollutant models, which in turn impacts the sta-
tistical power of the tests. However, some exposure-outcome combi-
nations showed positive associations, i.e. the association between PM10
and all-cause mortality and between PM2.5 and respiratory mortality
when adjusted by NO2, and the association between NO2 (24-hour
average) and all-cause mortality when adjusted by PM or by O3 (Table
A.11 of the Appendix). Association values were higher than single-
pollutant models in some combinations, and lower in others, irrespec-
tive of the statistical significance. Three-pollutant models were not
evaluated, as in all the articles we haven’t found more than two effect
sizes reporting adjustments by the same combination of two pollutants,
while a minimum of three effect sizes was required for meta-analysis.
On the other hand, in a high proportion of articles the correlations
between multiple pollutants were moderate to high (correlation coef-
ficient > 0.4) (Dai and Zhou, 2017), which might threaten the validity
of co-pollutant models (Supplementary File S.4).
3.6. Certainty of evidence
The only reason for downgrading the CoE in the different exposure-
outcome combinations was the limitations regarding RoB in the articles
(in two combinations). On the other hand, the evidence was upgraded
due to large effect size (9 combinations), and the assumption of con-
centration–response curves in all but one of the exposure-outcome
combinations, i.e. the relation between NO2 (1-hour max.) and all-cause
mortality. As for the final judgment regarding the CoE, it was high in 10
combinations, and moderate in one combination (NO2 (1-hour max.) –
all-cause mortality). The descriptions associated with this analysis, to-
gether with explanations of the rationale behind the judgements made,
can be seen in Table 2.
4. Discussion
4.1. Summary of evidence
This systematic review and meta-analysis found evidence of a po-
sitive association between short-term exposure to PM10, PM2.5, NO2
(24-hour average) and O3 and all-cause mortality in humans, and be-
tween PM10, PM2.5 and cardiovascular, respiratory and cerebrovascular
mortality. Conversely, NO2 (1-hour max.) has shown a positive but non-
significant association with all-cause mortality. These analyses,
showing an increased risk of all-cause and cause-specific mortality as-
sociated with short-term exposure to air pollutants, are in consonance
with previous evidence of published meta-analyses for PM (Atkinson
et al., 2015, 2014; Bell et al., 2013; Shah et al., 2015), O3 (Bell et al.,
2014), and NO2 or NOx (Newell et al., 2018; Shah et al., 2015). In the
same line, the Integrated Science Assessment for Particulate Matter, a
comprehensive review of the United States Environmental Protection
Agency, found that the newly published evidence from multiple high
quality studies reinforces the causal relationship between PM2.5 ex-
posure and mortality, with biological plausibility for PM2.5-related
cardiovascular and respiratory morbidity (U.S. EPA, 2019). They also
found evidence of an independent effect of PM2.5 from co-pollutant
models, and a linear CRF with no-threshold. Additionally, a recent
study that evaluated short-term associations of PM10 and PM2.5 with all-
cause mortality in 652 cities has reported evidence of a positive re-
lationship, with RRs very close to the values found in our study (Liu
et al., 2019). In fact, that study analysed data from many of the cities
that were included in our study, but the authors accessed the original
data, while our study used RRs from published results. Anyway, the
obtained RRs are similar, although less precise in our study. By contrast,
we were able to perform many subgroup and sensitivity analyses, which
were inputs to further evaluate heterogeneity, publication bias, and the
CoE. The same occurred with a recent study analysing the effects of O3
on mortality in 406 locations, which also found a positive effect
(Vicedo-Cabrera et al., 2020).
Comparing to previous systematic reviews and multicity studies, our
research had the advantage of including international and local in-
formation published in several databases, which contains articles
communicating national or sub-national data. This comprehensive
search allowed us a better control of publication bias, even though this
issue could not be completely controlled. Furthermore, our study
comprehensively analysed several air pollutants and outcomes, con-
sidering numerous subgroup analyses to evaluate the source of het-
erogeneity, and sensitivity analyses to assess the influence of model
assumptions in the associations.
The magnitude of the associations was, as expected, lower than the
associations between mortality and the exposure to these same air
pollutants in the long-term; however, in epidemiology small risks ap-
plied to large populations are likely to represent a major health pro-
blem. Larger magnitudes in long-term studies might be attributable to
cumulative effects (Beverland et al., 2012), due to the fact that short-
term exposure studies only take into account a small proportion of the
health effects; in addition, adverse effects are dependent of both con-
centration and length of the exposure (Pope, 2007). As for the study
design, time series studies capture cases in which air pollution increases
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both the risk of underlying diseases leading to frailty and the short-term
risk of death among the frail, and cases in which air pollution is un-
related to risk of chronic diseases but short-term exposure increases
mortality among persons who are frail (Künzli et al., 2001). In this
sense, short-term exposure to air pollution might be acting as a trigger
of long-term exposure deaths, or as a trigger of deaths related to un-
derlying susceptibility from other causes.
Heterogeneity between studies was detected in some of the ex-
posure-outcome combinations. However, heterogeneity in a certain
degree is expected in epidemiological studies on air pollution, due to
differences in populations, exposures, and study conditions (Goodman
et al., 2015). Further, if the CRFs between the pollutants and the out-
comes are non-linear, e.g. if the size of the effect depends on the mean
level of air pollution in the area, as shown in the article by Liu and
colleagues for PM (Liu et al., 2019), some unexplained heterogeneity
may emerge. In addition, although the large majority of studies were
conducted in the general population, at least one study among patients
with co-morbidities was included in quantitative analysis for almost all
the exposure-outcome combinations. This might have been another
source of heterogeneity. Subgroup analyses were carried-out to explain
potential sources of heterogeneity, in those exposure-outcome combi-
nations that showed some degree of heterogeneity. These combinations
included the associations between PM2.5 and respiratory and cere-
brovascular mortality, and the association between NO2 (1-hour max.)
and all-cause mortality. In none of these associations the heterogeneity
was reduced after control for some co-variables, i.e. age group, sex, and
continent, meaning that other unmeasured factors might possibly be
acting as moderators.
The RoB in individual studies was high in a considerable proportion
of articles, but only in the missing data domain. In this domain, several
studies did not report methods used to impute missing data, nor de-
clared the proportion or number of missing days for the exposure. Other
domains were more stable, mainly due to the high standardization in
time-series studies analysing short-term exposure to air pollutants.
Other domain that influenced the RoB was the confounding domain,
but in a small proportion of studies. However, the direction of the as-
sociations did not change after excluding articles showing high RoB, as
demonstrated in the sensitivity analysis. A known confounder of the
association between air pollution and mortality is ambient air tem-
perature. This confounder has a recognized influence both on air pol-
lution levels and mortality. In this line, we considered this factor as a
critical confounder in the RoB domain, and in the E-value assessment.
As for publication bias, in 6 out of 11 combinations of outcomes and
pollutants some asymmetries in the funnel plots were detected. This
suggests that small studies showing non-significant effects could remain
unpublished, and thus the true effect could be overestimated (Rothstein
et al., 2008). However, these methods are indications of publication
bias, but in some circumstances funnel plots can show misleading evi-
dence of publication bias that is in fact related to heterogeneity (Levine
et al., 2009; Peters et al., 2007; Terrin et al., 2003), as commonly ob-
served in air pollution studies (Anderson et al., 2005). It is possible that
the cause behind funnel plots asymmetry in this meta-analysis can be
partially related to this explanation. A procedure that was implemented
to reduce the potential effect of publication bias was to carry out a
comprehensive literature review, which encompassed an inclusive
search strategy and the search in regional databases, and allowed us the
possibility of including other sources commonly considered gray lit-
erature (Rothstein et al., 2008). Nevertheless, the effect of publication
bias was not completely avoided in all exposure-outcome combinations.
However, the RRs of the exposure-outcome combinations were con-
sistent in the main analysis and in the multicity sensitivity analysis, i.e.
the associations were positive in all multicity analyses with the ex-
ception of cerebrovascular mortality. In this sense, the asymmetry of
funnel plots could be more related to heterogeneity than to publication
bias, as the probability of not publishing multicity studies due to ad-
verse results is assumed to be minimal. All things considered,
publication bias could have inflated the size of the true effect, but it
could not have affected the general conclusion, i.e. a positive effect of
air pollutants in mortality, as previously concluded in an article that
assessed publication bias for PM (Anderson et al., 2005).
We found that the sensitivity analysis did not modify the results of
the main analysis substantially, indicating that structural modelling
decisions have not influenced the associations. The exception was for
CCO designs, which showed less evident associations. This fact could be
related to small statistical power, as the number of CCO studies is no-
tably lower than ETS studies. However, it should be noted that CCO
designs could be less prone to bias when compared with Poisson time-
series designs (Carracedo-Martínez et al., 2010), and thus these differ-
ences could be reflecting more than merely methodological issues. This
point deserves future confirmatory research.
In general, linear CRFs were found for PM10 and PM2.5 associated
with all-cause and cause-specific mortality. In contrast, some articles
found a non-linear behaviour for NO2 (24-hour average), with a po-
tential threshold at 37.6 µg/m3 average daily concentration. For O3, a
number of articles also found a non-linear behaviour, with potential
thresholds in the range of 60–100 µg/m3. The linear behaviour of some
of the associations is consistent with the idea of a negative effect of
pollutants even at low or background ambient concentrations, as was
previously observed for PM2.5, PM10, and NO2 (Kelly and Fussell, 2015;
Li et al., 2015). This apparent absence of a safe level of air pollution
below which health detrimental effects are negligible has deep im-
plications for the development of ambient concentration limits in air
quality guidelines, as even small reductions in air pollution levels might
have a considerable impact in preventing mortality (Medina et al.,
2004). A linear association and the absence of thresholds were found
for O3 in a recent paper, although levels of this pollutant below 70 μg/
m3 might be attributed to non-anthropogenic sources (Vicedo-Cabrera
et al., 2020).
4.2. Co-pollutant models
Commonly, co-pollutant models show problems in the validity of
associations between pollutants and mortality or morbidity outcomes,
due to multicollinearity between pollutants. This is particularly re-
cognized when high values of correlations between pollutants, mea-
sured as Pearson or Spearman correlation coefficients, are observed
(Dominici et al., 2010). In many cases the multicollinearity between
predictors has the effect of inflating the standard errors, leading to type
II errors (Mason and Perreault, 1991). However, in this study the as-
sociations were observed even after the adjustment by a second pollu-
tant, at least in some combinations of pollutants and outcomes. In al-
most all the associations, problems might have arisen with statistical
power, as only a small proportion of studies analysed two or three-
pollutant models. In fact, the analysis of three-pollutant models was not
possible, due to the reduced number of articles assessing these asso-
ciations (two or fewer studies per combination). Moreover, the results
of these co-pollutant models should be interpreted with caution, given
the high correlation between pollutants, and the known influence that
multicollinearity has in model estimates (Stafoggia et al., 2017). Sev-
eral statistical methods have been developed recently to analyse the
effect of co-pollutant models, and at the same time dealing with mul-
ticollinearity issues (Stafoggia et al., 2017); nevertheless, these methods
are not currently widespread, and none of the articles that were in-
cluded in this review adopted these approaches. Independently of sta-
tistical issues, the challenges of multi-pollutant models are, first, to
differentiate the direct effect of each pollutant from the spurious as-
sociations due to pollutants acting as surrogate of others (Billionnet
et al., 2012). Second, multi-pollutant exposures might affect multiple
target organs, leading to higher health risks. To achieve a better un-
derstanding of the effect of multiple pollutants, more research on the
biological mechanisms of each pollutant should be carried out, pre-
ferably grouping pollutants according to their mode of action.
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4.3. Strengths and limitations of the review
There are a few strengths that are worth being mentioned in relation
to this review. First, the efforts made at different stages of the review, in
order to overcome publication bias. This encompasses the inclusive
search strategy, the query in regional databases that included gray lit-
erature, and the consideration of different study designs, i.e. ETS, CCO,
panel and cohort studies. Second, sensitivity analyses showed that the
associations reported in the main analyses were stable in different si-
tuations, which contributed to the reliability of results. In the majority
of cases, the main results were stable in relation to methodological
choices, i.e. the lag structure, the study design, and the RoB in some
domains. Third and more relevant, the CoE was high in 10 out of 11
combinations, and moderate in one combination.
On the other hand, this review was subject to several limitations.
First, the use of non-randomized observational studies made the ana-
lyses more prone to bias, related to failure in the control of potential
confounders. This issue is common with other reviews that assess non-
interventional studies. Second, several articles were potentially selected
for inclusion after reading the title or the abstract, but the full-texts
were not found. However, it should be mentioned that in all the missing
articles in which the abstract was accessible, the associations between
pollutants and mortality were positive. In this sense, it is reasonable to
consider that the inclusion of these articles in quantitative analyses
would not modify the direction of the associations. Third, the use of the
E-value as an indication for the presence of an unmeasured confounder
in the context of air pollution epidemiology is debatable, because the
RRs estimated from these studies are typically lower than the associa-
tion between outcomes and potential confounders. The use of the ori-
ginal cut-off point proposed in the standard GRADE approach
(RR > 2) is not feasible for the same reason. Fourth, in some judge-
ments for the CoE assessment we had no other option than using ar-
bitrary thresholds. An example of this was the cut-off point of 100,000
deaths for the imprecision domain. More assessments to develop sui-
table criteria are to be developed in the future, in order to judge the
minimum number of cases in short-term studies for precision evalua-
tion. Finally, there were differences in the representation between
continents. For example, the number of studies from North America,
Europe and Asia was much higher than the number of studies from
Latin America or Africa. Given the influence of several moderators in
the associations, it is difficult that global estimates can be extrapolated
to all regions. It is worth noting that low and middle economies were
not fully represented in studies, and it is not clear if some variables,
characteristic of these areas, could have an influence on the associa-
tions between pollutants and mortality. However, this fact is not a
limitation of this particular study, but rather a shortcoming of research
in this field. To overcome this deficiency, more resources should be
allocated to research in these areas, preferably in the form of multi-
collaborative projects.
The results of this systematic review contribute evidence on the
influence of selected air pollutants on general and specific mortality,
which is meant to be used for the update of the WHO Air Quality
Guidelines. First, this information includes numerical values for the
associations between air pollutants and specific risks, in order to be
used in studies on the economic and disease burden attributable to air
pollution, risk assessments, and other analyses. Second, consideration
about single and multiple-pollutant exposures can be considered to
discuss about unifactorial and multifactorial causation. Third, the re-
sults about CRFs and thresholds are useful for determination of air
pollution limits in international recommendations, and national or local
legislations. Fourth, subgroup analyses contribute to evaluation of the
differential risk associated with different subpopulations. Finally, the
assessment of the CoE of the different exposure-outcome combinations
is relevant to understand the quality of the evidence presented in this
review and in future guidelines.
5. Conclusions
Despite the limitations of this review, it was shown that an increase
in outdoor concentrations of PM10, PM2.5, NO2 and O3 increases the risk
of all-cause and cause-specific mortality in humans. These associations
were proved to be stable through a number of sensitivity analyses,
which enhance the validity of the conclusions presented here. As for
CRFs, these curves have shown for NO2 and O3 non-linearity effects,
and some evidence of thresholds, in line with previous estimates. The
high consistency in the direction of the associations, and the high or
moderate CoE reinforce the hypothesis of a positive association be-
tween air pollution and human mortality.
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